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Abstract 21 
Agriculture, and its impact on land, contributes almost a third of total human emissions of 22 
greenhouse gases (GHG). At the same time, it is the only sector which has significant potential 23 
for negative emissions through offsetting via the supply of feedstock for energy and 24 
sequestration in biomass and soils. Perennial crops represent 30% of the global cropland area. 25 
However, the positive effect of biomass storage on net GHG emissions has largely been 26 
ignored. Reasons for this include the inconsistency in methods of accounting for biomass in 27 
perennials. In this study, we present a generic model to calculate the carbon balance and GHG 28 
emissions from perennial crops, covering both bioenergy and food crops. The model can be 29 
parametrized for any given crop if the necessary empirical data exists. We illustrate the model 30 
for four perennial crops – apple, coffee, sugarcane, and Miscanthus– to demonstrate the 31 
importance of biomass in overall farm GHG emissions.  32 
 33 
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 36 
Highlights 37 
 Inconsistency in methods of accounting for biomass in perennial crops impedes 38 
quantification of positive effects of perennial crops on net greenhouse gas (GHG) 39 
emissions.  40 
 We present a generic model to calculate the carbon balance and GHG emissions 41 
from perennial crops, covering both bioenergy and food crops. We illustrate the 42 
model for four perennial crops. 43 
 Different crops and different management practices for a given crop lead to very 44 
different emissions of GHGs, which can be either positive or negative. 45 
 We show the importance of biomass in overall farm GHG emissions. Under 46 
judicious management, perennials have significant potential for negative emissions 47 
and are thus important for climate change mitigation. 48 
 49 
 50 
 51 
Keywords: above ground biomass; below ground biomass; carbon; carbon dioxide; 52 
decomposition; greenhouse gas emissions; modelling. 53 
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Introduction 59 
Agriculture is an essential human activity but at the same time a substantial emitter of 60 
greenhouse gas (GHG) emissions (Robertson et al., 2000). With a rising global population, the 61 
need for agriculture to provide secure food and energy supply is one of the main human 62 
challenges (Smith et al., 2010). Agriculture contributes about 4.6-5.4 Gt CO2-equivalent per 63 
year, which is 9-11% of global GHG anthropogenic emissions in 2010 (Tubiello et al., 2013; 64 
Smith et al., 2014), and the value approaches a third of total emissions if the indirect impacts 65 
of land use change, and land degradation (Wollenberg et al., 2013) are considered. At the same 66 
time it, and the other land based sectors, are the only ones which have significant potential for 67 
negative emissions through the sequestration of carbon and offsetting via the supply of 68 
feedstock for energy production. 69 
In addition to land use change, major sources of GHG emissions from crop production 70 
include N2O emission from the production and use the use of fertilizers (Robertson et al., 2000), 71 
methane emissions from paddy rice production and livestock (Yan et al., 2005), and the loss of 72 
stored biomass and soil carbon, all of which may in part be attributed to management. These 73 
emissions can be reduced or reversed, so management is a potential tool for GHG mitigation 74 
(Smith et al., 2008, 2014). To enable judicious management to be prescribed, sources of GHG 75 
emission first need to be identified and quantified.  76 
 77 
Perennial crops such as fruit trees or bioenergy grasses like Miscanthus are often not 78 
differentiated from annual crops when estimating agricultural GHG emissions. However, in 79 
contrast to annual cropping systems which most often have positive GHG emissions, perennials 80 
may have net zero or even negative emissions (Glover et al., 2010; Robertson et al., 2000:2016, 81 
McCalmont et al.; 2015). Perennial agricultural management also reduces soil disturbance 82 
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since annual cultivation is not required, and it adds more carbon inputs to the soil and improves 83 
soil conditions (Paustian et al. 2000; Cox et al. 2006). This, in turn, allows soil carbon to be 84 
stabilised, hence reducing emissions of carbon dioxide to the atmosphere via mineralization in 85 
those cases in which the soil is not saturated with carbon (Dawson & Smith, 2007). Besides, 86 
some perennial crops, and in particular perennial grasses like Miscanthus, are more effective 87 
at intercepting and utilizing water and CO2 resources (Dohleman and Long 2009), and some 88 
need less or no fertilizer application (Hastings et al. 2009:2017; Davies et al. 2012). This may 89 
have vital implications for GHG and mitigation options in the future; hence it is timely to 90 
develop generic, consistent, and scalable models to account for often overlooked biomass 91 
accumulation, particularly in perennial production systems. 92 
Perennial crops accumulate carbon during their lifetime, in above and below ground 93 
components, and enhance organic soil carbon increase via root senescence and litter inputs. 94 
However, inconsistency in accounting for this stored biomass undermines efforts to assess the 95 
benefits of such cropping systems when applied at scale. Common product foot-printing 96 
standards e.g. the Publicly Available Standard 2020:2011 (PAS2050), the EU renewable Fuel 97 
Directive (RED), and the GHG protocol for product life cycle accounting, for various reasons, 98 
do not consider soil carbon stock changes or biomass accumulation in carbon footprint 99 
calculations (Whitaker et al., 2010). The major concerns appear to be, firstly, the lack of reliable 100 
methods to quantify carbon stocks in the various plant components, and secondly, issues around 101 
permanence of the biomass carbon stored (Brandão et al., 2013). A consequence of this 102 
exclusion is that efforts to manage this important carbon stock are neglected. Detailed 103 
information on carbon balance is crucial to identify the main processes responsible for 104 
greenhouse gas emissions in order to develop strategic mitigation programmes. Perennial 105 
cropping systems represent 30% of the area of total global crop systems (Glover et al., 2010). 106 
Furthermore, they have a major role both in the global food (i.e. oil palm, coffee, fruit and 107 
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cocoa) and bioenergy (i.e. Miscanthus, switchgrass, sugarcane, short rotation coppice) 108 
industries. At the same time, an increase in perennial crops or ‘perennialization’, is one of 109 
FAO’s (Food and Agriculture Organization of the United Nations) strategies to enhance food 110 
security and ecosystem service delivery (Glover et al., 2010; Rai et al., 2011).  111 
In this paper, we present a generic model, Perennial-GHG, to calculate the carbon balance 112 
and GHG emissions from perennial crops at farm level that does not require the level of site 113 
information necessary to run a detailed, process-based model. This model covers the cultivation 114 
period and the residue management for both food and bioenergy crops, also considering 115 
intercropping, the combination of two or more perennial crops. GHG emissions can be either 116 
positive (emissions to the atmosphere) or negative (carbon uptake from the atmosphere). Plant 117 
biomass is formed via carbon uptake from the atmosphere; consequently, it is stored as a 118 
negative GHG emission in the model while it is living material in the plant. Once the plant or 119 
plant part is removed or naturally released, it becomes a residue (see Fig.1). 120 
We then use this model to illustrate the importance of biomass in the estimation of overall 121 
GHG emissions from four important perennial crops - coffee, apple, Miscanthus and sugarcane 122 
– which were chosen to give examples from tropical and temperate regions, trees and grasses, 123 
and energy and food supply. We propose a model that has wide applicability and can be used 124 
both in research environments and for decision support among industry, farming, and NGO 125 
stakeholders, to evaluate actual agriculture practises, and support efforts to reduce the GHG 126 
intensity of agricultural products by accounting for biomass storage and decomposition, and 127 
persistence of carbon in the system. Plant biomass is in large part carbon fixed from the 128 
atmosphere by photosynthesis and stored in the plant. The model runs using inputs supplied by 129 
the farmer or land manager, including the cultivated area, crop or crops, and the main 130 
management options (the list of inputs is presented in Supplementary information S3). 131 
Importantly, yield is also an input in the Perennial-GHG model. The Perennial-GHG model 132 
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does not aim to predict yield, as physiological crops and process-based models do, but to 133 
estimate biomass and GHG emissions in perennial crops based on expected / previously 134 
recorded / estimated yield.  135 
The Perennial-GHG model is data-driven and based on allometric relationships of biomass 136 
increment as a function of time. Although physiological crop process-based models are 137 
common in agricultural research (Priesack and Gayler, 2009), the input data required, such as 138 
daily meteorological data, and internal parameters such as photosynthesis and 139 
evapotranspiration rate, means that they are not easy to apply outside the research community. 140 
Process based models can give accurate simulations of daily plant growth and yield, making 141 
them more accurate, but also more complex and computationally demanding, which makes 142 
them unsuitable for use by farmers / land-managers, and unsuitable for inclusion in most 143 
decision support systems.  144 
Contrary to natural ecosystems, the shape of the trees in farmland is mainly the result of 145 
the management actions, i.e. pruning, and controlled by climatic conditions to a lesser extent. 146 
At the end of the crop cycle, tree woody biomass often reflects human actions. The generic 147 
model we are presenting is composed of two simple sub-models, to cover grasses and other 148 
perennial plants. The first is a generic individual-based sub-model (IBM) covering both woody 149 
crops in which the yield is the fruit and the plant biomass is an unharvested residue, and short 150 
rotation coppice (SRC). Trees, shrubs and climbers fall into this category. The second model 151 
is a generic area-based sub-model (ABM) covering perennial grasses, in which the harvested 152 
part includes some of the plant parts in which the carbon storage is accounted. Most second 153 
generation perennial bioenergy crops fall into this category. Both generic sub-models presented 154 
in this paper can be parametrized for different crops, and we have parametrized the sub-models 155 
for a list of crops using published empirical data. The model can also account for different 156 
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varieties, geographical locations and rate of applied fertilizer, and for fine-scale analysis, it can 157 
be parametrized at farm level. 158 
For use outside the research community, so-called “carbon calculators” have been 159 
developed. Although there are several of these, the accounting for stored biomass is relatively 160 
limited (Whittaker et al., 2013). The models we develop in this study have been co-designed 161 
with the Cool Farm Alliance to be ready for insertion in to the Cool Farm Tool (CFT, 162 
www.coolfarmtool.org) - a free-to-use, farmer-oriented GHG calculator, which has been 163 
widely used globally by industry and farming to assess GHG emissions, and identify positive 164 
interventions to mitigate GHG emissions. The CFT performed best among all farm GHG 165 
emissions calculators in the UK (Whittaker et al., 2013), and the incorporation of improved 166 
accounting for biomass in perennials will enable wider use in the bioenergy sector. The 167 
methodology, however, could also be used in other GHG emission calculators, to improve their 168 
functionality on representing perennials. 169 
<FIGURE 1> 170 
 171 
Model definition 172 
The Perennial-GHG model we present in this study estimates values of GHG emissions derived 173 
from the plant biomass for the entire cultivated crop area. It is a generic model that describes 174 
biomass accumulation and release, and calculates associated GHG emissions and removals. 175 
The model includes the total plant biomass: the above ground (trunk, branches, leaves and 176 
fruits) and below grown (the root system and rhizome). The model allows farm level 177 
management to be taken into account, and the system boundary is the farm gate (Hillier et al. 178 
2011). GHG emissions arising from supplementary management options, machinery, farm 179 
electricity and goods transport need to be considered in the overall farm emissions, and for 180 
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these we used the equations presented in Hillier et al. 2011 (not presented here). Regarding the 181 
below ground compartment, the model estimates plant biomass input to the soil and 182 
subsequently decomposition. Perennial-GHG is a biomass model and does not include a soil 183 
module (which is the subject of ongoing work), so does not estimate changes in soil organic 184 
carbon (SOC). Yet, the outputs of our model can be used as inputs for a SOC model such us 185 
RothC (Coleman and Jenkinson 1996), ECOSSE (Smith et al. 2010), or YASSO (Liski et al. 186 
2005). 187 
In the Perennial-GHG model, biomass accumulation is described using different generic 188 
allometric curves, which have to be parametrized for each crop, and estimates biomass as a 189 
function of time (in years). In farmlands, most of the biomass released is due to human 190 
management interventions, such as grapping or pruning. The model specifies the contribution 191 
of each different plant part and/or residue to GHG emissions and details the annual GHG 192 
emission values. This allows investigation of the inter-annual variation in terms of biomass 193 
increment/decrease and GHGs and the contribution of each separate plant part or residue type 194 
to GHG emissions. We did not consider it necessary to take into account the effect of seasonal 195 
and inter-annual variability of climate for the following reasons: for the IBM, crop rotations 196 
are longer than 5-10 years, so positive and negative effects of the climate variability will largely 197 
cancel out over time (Harris et al 2014). In the ABM this effect is directly accounted for by the 198 
input values of yield given by the user.  199 
 200 
In the Perennial-GHG model, both the IBM and the ABM sub-models are comprised of 201 
different modules, which we present in the following subsections. The required model inputs 202 
are listed in Supplementary information S3. The model calculates emissions of the different 203 
GHG gases: CO2, N2O and CH4. As is common-practise, the emissions from all those GHG 204 
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gases are transformed into CO2 equivalents using Global Warming Potential (GWP) values as 205 
follows: 206 
𝐶𝑂2𝑒𝑞 (𝐶𝐻4) = 𝐶𝐻4 ∗ 𝐺𝑊𝑃𝐶𝐻4    [eq. 1] 207 
𝐶𝑂2𝑒𝑞 (𝑁2𝑂) = 𝑁2𝑂 ∗ 𝐺𝑊𝑃𝑁2𝑂   [eq. 2] 208 
𝐶𝑂2𝑒𝑞 = 𝐶𝑂2 + 𝐶𝑂2𝑒𝑞 (𝐶𝐻4) + 𝐶𝑂2𝑒𝑞 (𝑁2𝑂)   [eq. 3] 209 
The model includes two different set of values for GWP, the widely used 2001 IPCC values 210 
(IPCC 2001), and the most recent IPCC GWP over a 100-year time horizon presented in Myhre 211 
et al. (2013). Different values could be also specified by the user. 212 
Information about annual GHG balance of each plant part, and for each residue, is stored in a 213 
matrix in the model. In addition, it should be noted that in the following, biomass always refers 214 
to the dry biomass, the weight of the plant excluding the water content. The percentage of C in 215 
the different plant organs is also required for the sub-models. Although not a focus of this study 216 
it should be noted that the model additional calculates the N balance in the plant. 217 
𝐵𝑖𝑜𝑚𝑎𝑠𝑠 = 𝑓𝑟𝑒𝑠ℎ 𝑤𝑒𝑖𝑔ℎ𝑡 ∗  𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟   [eq. 4] 218 
where 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟 = 1 − 𝑤𝑎𝑡𝑒𝑟 𝑐𝑜𝑛𝑡𝑒𝑛𝑡, as a fraction of one. 219 
𝐶𝑎𝑟𝑏𝑜𝑛𝑜𝑟𝑔𝑎𝑛 = 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑜𝑟𝑔𝑎𝑛 ∗ 𝐶𝑎𝑟𝑏𝑜𝑛 𝑐𝑜𝑛𝑡𝑒𝑛𝑡𝑜𝑟𝑔𝑎𝑛   [eq. 5] 220 
𝑁𝑖𝑡𝑟𝑜𝑔𝑒𝑛𝑜𝑟𝑔𝑎𝑛 = 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑜𝑟𝑔𝑎𝑛 ∗ 𝑁𝑖𝑡𝑟𝑜𝑔𝑒𝑛 𝑐𝑜𝑛𝑡𝑒𝑛𝑡𝑜𝑟𝑔𝑎𝑛   [eq. 6] 221 
Specific values of water, C and N content in different plant organs and species and are 222 
presented in Table 1 and 2.  223 
 224 
A first set of modules estimate biomass accumulation as a function of time, in which different 225 
plant parts are modelled separately and stored as annual values. The IBM defined for the woody 226 
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crops therefore consists of the following modules: biomass from woody parts, leaf biomass, 227 
below ground biomass (accounting for the coarse and fine roots separately), biomass pulp for 228 
those crops that have to be de-pulped, and biomass of the yield discarded for quality reasons. 229 
This includes the total biomass produced by the plant, including all the pre-harvest biomass. In 230 
parallel, the ABM consists of modules for: above ground and stalk biomass, leaf biomass and 231 
below ground biomass (accounting for the rhizomes and roots with turnover separately). Once 232 
again, it includes all the pre-harvest biomass. Subsequently, a second set of modules estimate 233 
GHG emissions both from the plant parts and from the residues and/or the biomass naturally 234 
released from the plant. Five kinds of residue are accounted for in the IBM: litter from the 235 
leaves, woody parts from pruning, trees that die and the final tree cut, the fruit discarded and 236 
fruit pulp, and fine roots that die. In the ABM, three kinds of residue are accounted for: the 237 
leaves, if it is not a commodity, total above ground biomass (AGB) of the unproductive 238 
initial(s) year(s), and roots that die. The total GHG emissions from residues can be either 239 
positive or negative and this strongly depends on the residue management, which is a model 240 
input indicated by the user.  241 
The Perennial-GHG model incorporates different residue management options. Options for 242 
wood residues are: burning, chipping followed by spreading, or chipping followed by removal. 243 
For litter, the options are either burning or litter left on the ground. For discarded fruits and 244 
pulp the management options are either: left on the ground or removed. In either case, burning 245 
will always result in positive GHG emissions but residue incorporation into the soil will result 246 
in negative emissions. If plant parts are taken away - effectively outside the farm boundary, 247 
this is considered to be neutral consistent with our farm-gate boundary (as described in the 248 
introduction), which was fixed to limit the model scope to processes over which farmers have 249 
control. Perennial-GHG allows a mix of different management techniques for each residue 250 
source, for example, 50% of the pruning residues chipped and 50% burnt. 251 
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As a final step, outputs from the modules are summed to obtain the total field level estimation 252 
of GHG emissions. The carbon in harvested products, exported beyond the farm gate is, 253 
excluded from the accounting since it is generally considered in bioenergy, food and drink 254 
sectors to be available for combustion or consumption, and thus most likely returned to the 255 
atmosphere in the short carbon cycle. However, this is not the case if is the harvested products 256 
are used to produce bio-based products such as bio-plastic or bio-based building materials; 257 
these are not accounted for in the model.  258 
For the IBM, the field CO2eq is calculated by multiplying the individual value by the number 259 
of trees of each species. For monocultures, only one species is included. For intercropping or 260 
multi-cultures, the CO2eq from each species is gathered:  261 
𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
= (∑ 𝐼𝑛𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
∗ 𝑁𝑆) ∗ 𝐴
𝑠=𝑆
𝑠=1    [eq. 7.1]  262 
Where S in the number of species, S=1 in monocultures. 𝐼𝑛𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
 are the individual 263 
values of CO2eq containing separate information about the aforementioned plant biomass and 264 
residue for each year per species s. The modules for estimated plant and residue biomass will 265 
be detailed in the forthcoming section. Ns is the number of trees per ha of each species s. This 266 
number does not equal the number of planted trees because some trees will die during the crop 267 
life period. If gapping (replacement of dead trees) is not present, then 𝑁 = 𝑁𝑝𝑙𝑎𝑛𝑡𝑒𝑑 𝑡𝑟𝑒𝑒𝑠 −268 
𝑁𝑡𝑟𝑒𝑒𝑠 𝑑𝑖𝑒. If gapping is present, 𝑁 is equal to the number of planted trees. In both cases, the 269 
percentage of trees that die is an input to the model. The model assumes a constant mortality 270 
ratio during the period: 𝑁𝑡𝑟𝑒𝑒𝑠 𝑑𝑖𝑒 = 𝑁𝑝𝑙𝑎𝑛𝑡𝑒𝑑 𝑡𝑟𝑒𝑒𝑠 ∗
% 𝑡𝑟𝑒𝑒𝑠 𝑑𝑖𝑒
100⁄  . A is the total cultivated 271 
area in ha. 272 
For the ABM, the field CO2eq is calculated by multiplying the per hectare value by the total 273 
area: 274 
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𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
= ∑ 𝐴𝑟𝑒𝑎 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
∗ 𝐴𝑠=𝑠𝑠=1    [eq. 7.2]  275 
Where s in the number of species, s=1 in monocultures 𝐴𝑟𝑒𝑎 𝐶𝑜2𝑒𝑞𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟  are the per-ha 276 
values of CO2eq containing separate information about each species s of plant biomass or 277 
residue and year. The modules for estimated plant and residue biomass will be detailed in the 278 
forthcoming section. A is the cultivated area in ha of each species. 279 
For farms than contain both crops that fall in the ABM and the IBM categories, the field CO2eq 280 
is calculated by adding the GHG derived from those crops (eq. 7.1 and eq. 7.2). 281 
𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
= (𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
)𝐼𝐵𝑀 + (𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
)𝐴𝐵𝑀   [eq. 7]  282 
 283 
The annual values are then summed to derive the overall CO2eq values from each plant part or 284 
residue each year of the crop lifecycle in the entire cultivated field: 285 
𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠  =
∑ 𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
𝑦𝑒𝑎𝑟= 𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=1    [eq. 8] 286 
And the overall CO2eq, regardless of plant part or residues, is: 287 
𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞  = ∑ 𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞𝑏𝑖𝑜𝑚𝑎𝑠𝑠    [eq. 9] 288 
Finally, CO2eq equivalent per tonne of finished product is given by:  289 
𝐶𝑂2𝑒𝑞 𝑝𝑒𝑟 𝑡𝑜𝑛𝑛𝑒 𝑜𝑓 𝑓𝑖𝑛𝑎𝑙 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 = 𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞 / ∑ 𝑦𝑖𝑒𝑙𝑑𝑦𝑒𝑎𝑟
𝑦𝑒𝑎𝑟= 𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=1    [eq. 10] 290 
Where total yield is a model input. 291 
In this section, only the equations for CO2eq are shown, but a similar approach exists for 292 
individual GHGs. All the functions provide values of CO2eq in kg. 293 
 294 
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Definitions of all the parameters included in the model are detailed in Table 3. The R code for 295 
the main model including all the modules is provided in S1 and the figshare archive doi <to be 296 
added>. The database of empirical values used to parametrize the model is provided in S2 and 297 
figshare archive doi <to be added>. The required model inputs to run the Perennial-GHG 298 
model are provided in S3.  299 
 300 
Plant biomass modules  301 
Individual based sub-model (IBM) for perennial woody crops  302 
Functions in this subsection estimate biomass accumulation as a function of time in the 303 
different plant parts. They represent cumulative amounts, in units of kg per plant. 304 
< TABLE 1 > 305 
Biomass in wood module 306 
This module provides the above ground biomass of the woody parts (AGBW) as a function of 307 
time. The AGBW comprises the stem plus all the branches, including twigs. Power 308 
relationships are generally used in biomass estimation (Stephenson et al., 2014) and in this 309 
case, the power law provided the best fit to the crop-growth empirical data for different crops 310 
we have (data reproduced in S2). The power law was not only the best fit for single crops in 311 
most cases, but also the best single function that accommodated all crops.  312 
𝐴𝐺𝐵𝑊 = (𝛼1𝑎𝑔𝑒
𝛽1) ∗ 𝑅𝑤𝐴𝐺𝐵 ∗ 𝑅𝑓𝐴𝐺𝐵   [eq. 11] 313 
where age is the age of the above-ground plant part, in years. 1 and 1 are specific parameters 314 
(see Table 1). The 𝑅𝑤𝐴𝐺𝐵 and 𝑅𝑓𝐴𝐺𝐵 account for water and nutrient limitation – i.e. the growth 315 
limiting effect of lack/excess of water, and lack of fertilizers, respectively. To date, data on 316 
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robust empirical 𝑅𝑤𝐴𝐺𝐵  and 𝑅𝑓𝐴𝐺𝐵 values for perennial crops are rare, and thus are set to 1 in 317 
the current model. 318 
If pruning is practiced, as is common for many perennial crops, the values of AGBW are 319 
corrected to actual AGBW (actAGBW):  320 
𝑎𝑐𝑡𝐴𝐺𝐵𝑊𝑦𝑒𝑎𝑟 = (𝐴𝐺𝐵𝑊 − 𝑃𝑟𝑢𝑛𝑖𝑛𝑔)𝑦𝑒𝑎𝑟   [eq. 12] 321 
Where year is the crop life year at which the plantation starts, in years, starting in 1. The 322 
parameter age and year may be the same if the plant is planted on the farm at age 0. The model 323 
allows two kinds of inputs regarding pruning values: the values can be specified either in fresh 324 
weight of pruned residues per year or as the percentage of crown removed per year.  325 
The cumulative values of pruned biomass are: 326 
𝐴𝐺𝐵𝑝𝑟𝑢𝑛𝑖𝑛𝑔𝑦𝑒𝑎𝑟 = ∑ (𝑃𝑟𝑢𝑛𝑖𝑛𝑔)𝑦𝑒𝑎𝑟
𝑦𝑒𝑎𝑟=𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=𝑆𝑃𝑟𝑢𝑛 + (𝑃𝑟𝑢𝑛𝑖𝑛𝑔)𝑦𝑒𝑎𝑟−1   [eq. 13] 327 
where SPrun is the year in which pruning starts. This function assumes that pruning is always 328 
executed once  it starts.  329 
 330 
Biomass in leaves module 331 
Two sub-models are defined for leaves, one for deciduous species and a one for evergreens. 332 
The deciduous plants module is: 333 
𝐴𝑛𝑛𝑢𝑎𝑙 𝐿𝑒𝑎𝑣𝑒𝑠 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑑𝑒𝑐 = 𝛼2𝑎𝑐𝑡𝐴𝐺𝐵𝑊
𝛽2   [eq. 14.1] 334 
where 2 and 2 are specific parameters (Table 1). Leaf biomass is therefore a function of 335 
actAGBW. eq. 14.1 is applied annually to have the annual leaf biomass. Cumulative leaf 336 
biomass is thus given by: 337 
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𝐿𝑒𝑎𝑓 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑑𝑒𝑐 = ∑ (𝐴𝑛𝑛𝑢𝑎𝑙 𝐿𝑒𝑎𝑓 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑑𝑒𝑐)𝑦𝑒𝑎𝑟
𝑦𝑒𝑎𝑟=𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=1 +338 
(𝐴𝑛𝑛𝑢𝑎𝑙 𝐿𝑒𝑎𝑓 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑑𝑒𝑐)𝑦𝑒𝑎𝑟−1   [eq. 15.1] 339 
 340 
The module for evergreen plants is mathematically similar to eq. 14.1, except that the current 341 
leaf biomass does not correspond to the annual production. 342 
𝐴𝑛𝑛𝑢𝑎𝑙 𝐿𝑒𝑎𝑓 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑒𝑣 = 𝛼2𝑎𝑐𝑡𝐴𝐺𝐵𝑊
𝛽2   [eq. 14.2] 343 
where 2 and 2 are specific parameters (Table 1).  344 
The cumulative value of leaf biomass in this second case is: 345 
𝐿𝑒𝑎𝑓 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑒𝑣 = ∑ 𝐴𝑛𝑛𝑢𝑎𝑙 𝐿𝑒𝑎𝑓 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑒𝑣 +
𝐴𝑛𝑛𝑢𝑎𝑙 𝐿𝑒𝑎𝑓 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑒𝑣
𝑙⁄
𝑦𝑒𝑎𝑟=𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=1    [eq. 15.2] 346 
where l is the average lifespan of the leaves.  347 
 348 
Below-ground biomass module 349 
Below-ground biomass refers to the entire root system, including both the coarse roots and the 350 
fine roots. The module to calculate root biomass is: 351 
𝐵𝐺𝐵 = (𝛼3𝑎𝑔𝑒𝑟𝑜𝑜𝑡
𝛽3) ∗ 𝑅𝑤𝐵𝐺𝐵 ∗ 𝑅𝑓𝐵𝐺𝐵   [eq. 16] 352 
where ageroot is the plant root age, in years. The ageroot can be equal during the first crop rotation 353 
but they will differ after biomass removal and re-growth. 3 and 3 are specific parameters 354 
(Table 1). This model also includes the theoretical parameters 𝑅𝑤𝐵𝐺𝐵 ∗ 𝑅𝑓𝐵𝐺𝐵 to account for 355 
lack and excess of water and lack of fertilizers, not parametrized yet and set equal to 1. 356 
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For estimating the percentage of fine roots as a function of plant age, the equation proposed by 357 
Kurz et al. (1996) is used. It can be seen that the proportion of fine roots (Prop fine roots) 358 
decreases with age:  359 
𝑃𝑟𝑜𝑝 𝑓𝑖𝑛𝑒 𝑟𝑜𝑜𝑡𝑠𝑎𝑔𝑒𝑟𝑜𝑜𝑡 = 2.73 ∗ 𝑎𝑔𝑒𝑟𝑜𝑜𝑡
−0.841   [eq. 17] 360 
𝐹𝑖𝑛𝑒 𝑟𝑜𝑜𝑡𝑟𝑜𝑜𝑡 =
𝑃𝑟𝑜𝑝 𝑓𝑖𝑛𝑒 𝑟𝑜𝑜𝑡𝑠𝑎𝑔𝑒𝑟𝑜𝑜𝑡
100
⁄ ∗ 𝐵𝐺𝐵𝑖   [eq. 18] 361 
Where 𝑃𝑟𝑜𝑝 𝑓𝑖𝑛𝑒 𝑟𝑜𝑜𝑡𝑠𝑎𝑔𝑒𝑟 is the proportion of fine roots at a particular plant root age, in 362 
years. 363 
The fine roots have a short life (Withington et al., 2006). We therefore assumed the fine roots 364 
die every year and new fine roots are produced, while the coarse roots remain (Guo et al., 2006; 365 
Withington et al., 2006). The fine roots that die will either decompose to emit short cycle CO2 366 
or add to the soil organic carbon pool. The decomposition rate and equations are specified in 367 
the section “calculation of GHG emissions”. 368 
 369 
Crop yield residue module 370 
Crop yield is not predicted in the model. It is a model input that should be indicated by the user. 371 
However, some crop yield is discarded because it does not meet required quality standards. If 372 
this is the case, the model accounts for this crop biomass, which becomes a residue instead of 373 
a commodity.  The user indicates the actual harvested crop yield biomass, but the actual plant 374 
yield is: 375 
𝑇𝑜𝑡𝑎𝑙 𝑦𝑖𝑒𝑙𝑑 = ℎ𝑎𝑟𝑣𝑒𝑠𝑡𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 + (ℎ𝑎𝑟𝑣𝑒𝑠𝑡𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 ∗ % 𝑑𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑 100⁄ )   [eq. 19] 376 
Where % 𝑑𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑 is the percentage of unharvested yield. Hence: 377 
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𝐷𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟 = ∑ (𝐻𝑎𝑟𝑣𝑒𝑠𝑡 𝑦𝑖𝑒𝑙𝑑 ∗
% 𝑑𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑
100⁄ )𝑦𝑒𝑎𝑟
𝑦𝑒𝑎𝑟=𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=𝑆𝑃𝑟𝑜𝑑 +378 
(𝐷𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠)𝑦𝑒𝑎𝑟−1   [eq. 20] 379 
Where SProd  is the year in which production starts. 380 
A second important residue derived from the fruit is the pulp for those crops in which de-381 
pulping is necessary, such as for coffee. The pulp biomass is calculated as a function of the 382 
yield indicated by the user. The percentage of pulp/seed is a specific parameter (Table 1). 383 
𝑃𝑢𝑙𝑝 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟 = ∑ (
𝑦𝑖𝑒𝑙𝑑𝑦𝑒𝑎𝑟
𝑃𝑒𝑟𝑐 𝑠𝑒𝑒𝑑
⁄ ∗ 𝑃𝑒𝑟𝑐 𝑝𝑢𝑙𝑝)𝑦𝑒𝑎𝑟
𝑦𝑒𝑎𝑟=𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=𝑆𝑃𝑟𝑜𝑑 + (
𝑦𝑖𝑒𝑙𝑑
𝑃𝑒𝑟𝑐 𝑠𝑒𝑒𝑑⁄ ∗384 
𝑃𝑒𝑟𝑐 𝑝𝑢𝑙𝑝)𝑦𝑒𝑎𝑟−1   [eq. 21] 385 
where 𝑃𝑒𝑟𝑐 𝑠𝑒𝑒𝑑 is the percentage in one of the seeds with respect to the entire fruit (seed 386 
plus pulp). And 𝑃𝑒𝑟𝑐 𝑝𝑢𝑙𝑝  is the percentage in the pulp with respect to the entire fruit. 387 
 388 
Area based sub-model (ABM) for perennial grasses biomass 389 
In the ABM, biomass values are modelled in tonnes per ha per year and may subsequently be 390 
converted to kg for consistency with the IBM model. 391 
<TABLE 2> 392 
 393 
Stalk and above ground biomass module 394 
The AGB for perennial grasses is calculated using the yield information provided by the user. 395 
The model does not predict yield but uses the provided yield information to calculate plant 396 
biomass. The user can provide the yield as either fresh plant weight, right after harvesting the 397 
plant, or plant weight after leaving it dry on the ground, along with the moisture content at that 398 
particular time or dry biomass, the plant weight excluding the water. The yield can be either 399 
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the autumn or spring harvest. In this study, we have parametrized for the autumn harvest (Table 400 
2). Two modules are defined for estimating AGB. In either case, the model considers that the 401 
plants are annually harvested and consequently a new above-ground part grows every year. 402 
The first module should be used for those species in which the harvested part is only the stalk 403 
and the leaves are hence residues, such as sugarcane.  404 
The annual stalk biomass is: 405 
𝑆𝑡𝑎𝑙𝑘 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑎𝑔𝑒 = 𝑌𝑖𝑒𝑙𝑑𝑎𝑔𝑒 ∗ 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟   [eq. 22] 406 
where age is the plant aboveground age, 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟  is a specific values for fresh plant, given 407 
in Table 2, if the values of yield are included in the model as a fresh weight. If the yield values 408 
are input as semi-dry weight, the 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟 = 1 − 𝑚𝑜𝑖𝑠𝑡𝑢𝑟𝑒 𝑐𝑜𝑛𝑡𝑒𝑛𝑡. If the yield values 409 
are input as dry weight, the yield will equal the stalk biomass, hence 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟 = 1. 410 
The total stalk production is hence:  411 
𝑆𝑡𝑎𝑙𝑘 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = ∑ (𝑌𝑖𝑒𝑙𝑑𝑦𝑒𝑎𝑟 ∗ 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟)𝑦𝑒𝑎𝑟
𝑦𝑒𝑎𝑟=𝑌𝑒𝑎𝑟𝑠
𝑦𝑒𝑎𝑟=1 + (𝑆𝑡𝑎𝑙𝑘 𝑏𝑖𝑜𝑚𝑎𝑠𝑠)𝑦𝑒𝑎𝑟−1   [eq. 23]. 412 
Where year is the crop life year at which the plantation starts, in years, starting in 1 and N is 413 
the last year of the crop cycle. The parameter age and year may be the same if the plant is 414 
planted on the farm at age 0. 415 
 416 
The above ground biomass: 417 
𝐴𝐺𝐵𝑦𝑒𝑎𝑟 =
𝑆𝑡𝑎𝑙𝑘 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑦𝑒𝑎𝑟
𝑠𝑡𝑎𝑙𝑘: 𝐴𝐺𝐵 
⁄    [eq. 24.1] 418 
where 𝑠𝑡𝑎𝑙𝑘: 𝐴𝐺𝐵 is the ratio, as a fraction on one, of the stalk with respect to the total AGB, 419 
a specific value (Table 2).  420 
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The cumulative values of AGB were also calculated at the end of the crop lifecycle, as in eq. 421 
23. 422 
In this case, [eq. 24.1] is used to calculate AGB, since the stalk biomass (from eq. 23) and the  423 
𝑠𝑡𝑎𝑙𝑘: 𝐴𝐺𝐵  values (Table 2) are known parameters. Importantly, the plant organ ratio 424 
parameters change not only among crops, but also for the harvesting times. The model can 425 
consider those differences by using different crops specific parameters.  426 
 427 
The second module should be used for those species in which the harvested yield includes both 428 
the stalk and the leaves, such as switchgrass.  429 
𝐴𝐺𝐵𝑎𝑔𝑒 = 𝑌𝑖𝑒𝑙𝑑𝑎𝑔𝑒 ∗ 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟   [eq. 24.2] 430 
The cumulative values of AGB were also calculated at the end of the crop lifecycle, as in eq. 431 
23. 432 
 433 
Species specific values of dry matter for fresh plants are shown in Table 2. If the yield values 434 
are input as semidry weight, 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟 = 1 − 𝑚𝑜𝑖𝑠𝑡𝑢𝑟𝑒 𝑐𝑜𝑛𝑡𝑒𝑛𝑡. If the yield values are 435 
input as dry weight, the yield will equal the stalk biomass, hence 𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟 = 1. In either 436 
case, if the plant is cut but not harvested in the first year(s) of it cycle, the potential yield is 437 
treated as a residue. 438 
 439 
Leaf biomass module 440 
This module estimates the biomass of leaves, in tonnes per ha and year.  441 
𝐿𝑒𝑎𝑣𝑒𝑠 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑎𝑔𝑒 = 𝐴𝐺𝐵𝑎𝑔𝑒 ∗ (1 − 𝑠𝑡𝑎𝑙𝑘: 𝐴𝐺𝐵)   [eq. 25] 442 
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The cumulative values are also calculated at the end of the crop lifecycle, as in eq. 23.  443 
When the perennial grasses harvest is after senescence, much of the life material becomes litter 444 
and is therefore considered in this section. This actually improves the quality of the harvested 445 
biomass as it has less ash and potassium without the leaves. 446 
 447 
Below-ground biomass module 448 
The below-ground biomass of the grasses comprise not only the roots but sometimes a rhizome. 449 
The rhizome is a storage organ which grows as the plant establishes, but it remains the same 450 
size in mature established crops. What we call below-ground biomass in this study includes 451 
both the rhizome and the roots, if both organs are present in the crops. Roots are about 20% of 452 
the below-ground biomass for most bioenergy crops (Dohleman et al., 2012). Previous research 453 
shows that the below-ground biomass in agricultural perennial grasses does not change 454 
appreciably over time after establishment (Dohleman et al., 2012; Ebrahim et al., 1998), and is 455 
independent of senesced rate (Amougou et al., 2011). Consequently, this sub-model assumes 456 
that from year 1 after planting, the entire root system and the rhizome are developed, and in 457 
the subsequent years the biomass of new roots is equal to the biomass of roots that senesce. For 458 
some individuals or crop varieties rhizome development may take up to three years, but the 459 
model does the aforementioned assumption for simplicity. This below-ground biomass module 460 
is always used in this form, including for the first unproductive years, if present.  461 
The below ground biomass is hence: 462 
𝐵𝐺𝐵 = 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑜𝑜𝑡𝑠 + 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑖𝑧ℎ𝑜𝑚𝑒   [eq. 26] 463 
The BGB module for year 1 is: 464 
𝐵𝐺𝐵1 = 𝐴𝐺𝐵1 ∗ (𝐴𝐺𝐵: 𝐵𝐺𝐵)   [eq. 27] 465 
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where the 𝐴𝐺𝐵: 𝐵𝐺𝐵  is the specific value at harvesting age, values in Table 2.  466 
 For subsequent years:  467 
𝐵𝐺𝐵𝑟𝑎𝑡𝑜𝑜𝑛𝑦𝑒𝑎𝑟 = 𝐵𝐺𝐵1 ∗ 𝑟𝑠𝑒𝑛   [eq. 28] 468 
where rsen is the root senescence ratio, values in Table 2.  469 
The cumulative values were also calculated at the end of the crop lifecycle, as in eq. 23. The 470 
roots that die during the year will either decompose to emit short cycle CO2, or add to the soil 471 
organic carbon pool. The decomposition rate and equations are specified in the following 472 
section, “calculation of GHG emissions”. 473 
< TABLE 3 > 474 
 475 
Calculation of GHG emissions 476 
Henceforth values of CO2, N2O and CH4 are subsequently converted into CO2 equivalents 477 
using equations eq. 1 to 3.  478 
 479 
Aerial biomass 480 
The equation to estimate annual CO2 absorbed from the atmosphere and converted into biomass 481 
from living plant parts is: 482 
𝐶𝑂2𝑜𝑟𝑔𝑎𝑛 = 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑜𝑟𝑔𝑎𝑛 ∗ 𝐶𝐹𝑜𝑟𝑔𝑎𝑛 ∗
44
12
 (−1)   [eq. 29] 483 
The plant biomass values derive from the corresponding equation in section “Plant biomass 484 
modules”. 𝐶𝐹𝑜𝑟𝑔𝑎𝑛 is the carbon fraction in the organ (Tables 1,2).  485 
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Plant biomass is accumulated through time, but at the end of the crop life cycle, only the root 486 
biomass prevails. The entire AGB is either harvested, i.e. if the plant is used to produce biofuel 487 
or bio-based products, or becomes residue, i.e. if the only the fruit is used, like in top-fruit trees.   488 
 489 
Below-ground parts 490 
The Perennial-GHG model does not consider root removal once the crop cycle is completed 491 
(Hastings et al 2017), since it is a very demanding practice and is uncommon in agriculture. 492 
Consequently, plant roots remain underground after plant harvest and become part of the soil 493 
organic carbon. Some roots die during the production period. This dead biomass will either 494 
decompose or stay as a stable component in the soil, henceforth incorporated as part of the soil 495 
organic carbon pool (Schulze and Freibauer, 2005). The roots that decompose are neutral in 496 
terms of carbon, and the remaining biomass is a negative emission accounted for in the model. 497 
It is important to note that the Perennial-GHG estimates biomass and plant residues, and derives 498 
GHGs during the crop cycle. These root soil input materials will stay in the soil for some time, 499 
depending on the soil conditions and climate (Powlson et al., 2013). Nevertheless, subsoil or 500 
tillage operations are considered in the additional management options, and the roots removed 501 
through these operations are included.  502 
 503 
To calculate the remaining biomass of roots that die for the IBM, we used the widely-used 504 
decay function proposed by Aber et al. (1990): 505 
𝑚𝑎𝑠𝑠 = 𝑒−𝑘 𝑡   [eq. 30] 506 
Where mass is the remaining mass, k is the decay constant and t is the time in years.  For woody 507 
crops k =0.51 (Guo et al., 2006). The remaining root biomass at year i is: 508 
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𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠 𝑟𝑜𝑜𝑡𝑠𝑖 = 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑚𝑎𝑠𝑠𝑟𝑜𝑜𝑡𝑠 ∗ 𝑒
−0.51 𝑖   [eq. 31]  509 
The k parameter we provide is general and  can be refined for different crops and climates when 510 
robust empirical data are available. 511 
For the ABM, root senescence is available (Table 2).  512 
In either case, remaining biomass decreases with time and this effect is also included in the 513 
model.  514 
The module for estimating root GHG emissions: 515 
𝐶𝑂2 𝐵𝐺𝐵 = (𝐵𝐺𝐵𝑒𝑛𝑑 𝑝𝑒𝑟𝑖𝑜𝑑 + 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑟𝑜𝑜𝑡𝑠𝑒𝑛𝑑 𝑝𝑒𝑟𝑖𝑜𝑑) ∗ 𝐶𝐹𝑟𝑜𝑜𝑡 ∗
44
12
 (−1)   [eq. 32] 516 
BGB is derived fom eq. 16 in IBM and eqs. 26, 27 and 28 in the ABM. 𝐶𝐹𝑟𝑜𝑜𝑡 is the carbon 517 
fraction in the root, a specific parameter (Table 1,2).  518 
AGB and BGB values are fitted independently in the model. In natural plants AGB and BGB 519 
have to be considered together to account for biomass distribution and resource allocation. This 520 
is not the case for farm plants. First, management changes the above ground part and therefore 521 
overall plant carbon allocation no longer follows the natural rule. Second, and more 522 
importantly, the common practice of harvesting the AGB part but not the BGB (i.e., bioenergy 523 
crops, SRC, cropping practices in fruit trees) creates an unbalanced plant age, with the 524 
belowground system frequently older than that above ground. To reflect these differences the 525 
model needed, in turn, a separate estimator for above and belowground biomass. 526 
 527 
Wood residues that are burnt 528 
GHG emissions from burning wood residues are estimated using the following equations, 529 
presented in Akagi et al. (2011): 530 
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1 𝐾𝑔 𝑏𝑢𝑟𝑛𝑡 𝑤𝑜𝑜𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = (1.509 𝐾𝑔 𝐶𝑂2 ∗ 
% 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑏𝑢𝑟𝑛𝑡
100⁄ ) − 𝑤𝑜𝑜𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 𝐶𝑂2   531 
[eq. 33] 532 
1 𝐾𝑔 𝑏𝑢𝑟𝑛𝑡 𝑤𝑜𝑜𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = 0.00568 𝐾𝑔 𝐶𝐻4 ∗  
% 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑏𝑢𝑟𝑛𝑡
100⁄    [eq. 34] 533 
1 𝐾𝑔 𝑏𝑢𝑟𝑛𝑡 𝑤𝑜𝑜𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = 0.00038 𝐾𝑔 𝑁2𝑂 ∗
% 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑏𝑢𝑟𝑛𝑡
100⁄    [eq. 35] 534 
 535 
Where 𝑤𝑜𝑜𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 is derived from equations eq. 13 for pruning residues or eq. 12 for the 536 
tree at the end of the cycle and/or trees that die during the period. The % 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑏𝑢𝑟𝑛𝑡 is 537 
the percentage of residues that are burnt. This is an input of the model (see the explanation at 538 
the beginning of section “Model definition” for details). Short cycle CO2 stored in plant 539 
biomass as organic carbon is not accounted here as it is taken up by the plant and returned 540 
shortly after. 541 
 542 
Wood residues that are chipped 543 
If the woody parts are chipped and spread on the soil, they either add to the soil organic carbon 544 
pool (Weedon et al., 2009) or decompose to emit CO2, which is effectively carbon neutral. To 545 
calculate the remaining soil organic carbon, we used a decay function [eq. 30]. For wood chips, 546 
the decomposition constant k = 0.3 (Liski et al., 2005). Hence, at year =i the remaining mass 547 
of chips is: 548 
𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑐ℎ𝑖𝑝𝑖 = 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑚𝑎𝑠𝑠𝑐ℎ𝑖𝑝 ∗ 𝑒
−0.3 𝑖   [eq. 36] 549 
And the module for estimating CO2 is:  550 
𝐶𝑂2 𝑐ℎ𝑖𝑝𝑠𝑖 = 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑐ℎ𝑖𝑝𝑖 ∗ 𝐶𝐹𝑤𝑜𝑜𝑑 ∗
% 𝑤𝑜𝑜𝑑 𝑠𝑝𝑟𝑒𝑎𝑑
100⁄ ∗
44
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∗ (−1)   [eq. 37] 551 
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Where 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑐ℎ𝑖𝑝𝑖 is derived from eq. 36 applied after eq. 13 for pruning residues 552 
or eq. 36 applied after eq. 12 for the tree at the end of the cycle and/or trees that die during the 553 
period. 𝐶𝐹𝑤𝑜𝑜𝑑 is the faction of carbon in the biomass (Table 1). The % 𝑤𝑜𝑜𝑑 𝑠𝑝𝑟𝑒𝑎𝑑 is the 554 
percentage of the residues that are chipped and spread (see section “Model definition”).  The k 555 
parameter was developed to be used in temperate climates. We use it as a general value here, 556 
but it can be refined for different crops and climates when robust empirical data are available. 557 
 558 
If the woody parts are chipped and the chips are removed, they are regarded as neutral in terms 559 
of carbon and therefore the plant emissions are equated to zero in the Perennial-GHG model.  560 
 561 
Litter burning 562 
GHGs from litter burning are estimated using the IPCC values for biomass burnt with GHGs 563 
for agricultural residues, Table 2.5 in Chapter 2, Volume 4 of the original document (IPCC, 564 
2006).  565 
1 𝐾𝑔 𝑏𝑢𝑟𝑛𝑡 𝑙𝑖𝑡𝑡𝑒𝑟 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = (1.515 𝐾𝑔 𝐶𝑂2 ∗
% 𝑙𝑖𝑡𝑡𝑒𝑟 𝑏𝑢𝑟𝑛𝑡
100⁄ )) − 𝑤𝑜𝑜𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 𝐶𝑂2    566 
[eq. 38] 567 
1 𝐾𝑔 𝑏𝑢𝑟𝑛𝑡 𝑙𝑖𝑡𝑡𝑒𝑟 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = 0.027 𝐾𝑔 𝐶𝐻4 ∗
% 𝑙𝑖𝑡𝑡𝑒𝑟 𝑏𝑢𝑟𝑛𝑡
100⁄    [eq. 39] 568 
1 𝐾𝑔 𝑏𝑢𝑟𝑛𝑡 𝑙𝑖𝑡𝑡𝑒𝑟 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = 0.00007 𝐾𝑔 𝑁2𝑂 ∗
% 𝑙𝑖𝑡𝑡𝑒𝑟 𝑏𝑢𝑟𝑛𝑡
100⁄    [eq. 40] 569 
Where litter biomass is derived in the IBM from eq. 15.1, in the case of deciduous species and 570 
eq. 15.2 for evergreen species. litter biomass is derived in the ABM from eq. 25 for litter or eq. 571 
24 for the unproductive year. From the combustion, CO2, N2O and CH4 are produced. Values 572 
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of those gases are transformed into CO2eq using equations eq. 1 to 3. The % 𝑙𝑖𝑡𝑡𝑒𝑟 𝑏𝑢𝑟𝑛𝑡 is 573 
the percentage of residues that go to the burnt set (see section “Model definition”). 574 
 575 
Litter left on the ground 576 
When the leaves are left on the ground, they either decompose or become part of the soil 577 
organic carbon pool (Schulze and Freibauer, 2005). The litter that decomposes is carbon 578 
neutral. To calculate the remaining soil organic carbon we used the decay function eq. 23. In 579 
the IBM, the decomposition value for litter k=0.83 (Wu et al., 2012). In the ABM, the 580 
decomposition value k =0.776 (Amougou et al., 2012).  581 
The equation to estimate CO2 from litter is: 582 
𝐶𝑂2 𝑙𝑖𝑡𝑡𝑒𝑟𝑖 = 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑙𝑖𝑡𝑡𝑒𝑟𝑖 ∗ 𝐶𝐹𝑙𝑒𝑎𝑣𝑒𝑠  ∗
% 𝑙𝑖𝑡𝑡𝑒𝑟 𝑙𝑒𝑓𝑡
100⁄ ∗
44
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∗ (−1)   [eq. 41] 583 
Where 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑙𝑖𝑡𝑡𝑒𝑟𝑖  is the mass after using eq. 15 for calculating litter biomass 584 
followed by eq. 22 for calculating litter decomposition in the IBM sub-model and eq. 25 for 585 
litter biomass followed by eq. 23 for litter decomposition in the ABM sub-model. 𝐶𝐹𝑙𝑒𝑎𝑣𝑒𝑠 is 586 
the carbon fraction in the leaves, a specific value (Tables 1, 2). The % 𝑙𝑖𝑡𝑡𝑒𝑟 𝑙𝑒𝑓𝑡  is the 587 
proportion of litter left on the ground (see section “Model definition”).  588 
 589 
Discarded fruits left on the ground 590 
Some produce which does not meet quality standards may be left on the ground instead of 591 
harvested. If this is the case, it either decomposes or becomes part of the soil organic carbon 592 
pool. The part that decomposes is carbon neutral. To calculate the remaining soil organic 593 
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carbon we used the decay function eq. 30. The fruit decomposition value k=0.83 (Wu et al., 594 
2012). 595 
The equation to estimate CO2 from those fruits is: 596 
𝐶𝑂2 𝑓𝑟𝑢𝑖𝑡𝑠 = 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑑𝑖𝑠𝑐𝑎𝑟𝑑𝑒𝑑 𝑓𝑟𝑢𝑖𝑡 ∗ 𝐶𝐹𝑓𝑟𝑢𝑖𝑡  ∗
% 𝑓𝑟𝑢𝑖𝑡 𝑑𝑖𝑠
100⁄ ∗
44
12
∗ (−1)   [eq. 42] 597 
The biomass of discarded fruits is calculated using eq. 20. 𝐶𝐹𝑓𝑟𝑢𝑖𝑡 is the carbon fraction in the 598 
fruits, a specific value (Table 1). The % 𝑓𝑟𝑢𝑖𝑡 𝑑𝑖𝑠𝑐 is the percentage of discarded fruits, a 599 
model input. 600 
 601 
Fruit pulp left on the ground 602 
If the pulp of de-pulped fruits is spread out on the farm, it either decomposes or becomes part 603 
of the soil organic carbon pool. The part that decomposes is carbon neutral. To calculate the 604 
remaining soil organic carbon we used the decay function eq. 23.The fruit decomposition value 605 
k=0.83. 606 
The equation to estimate CO2 from those fruits is: 607 
𝐶𝑂2 𝑓𝑟𝑢𝑖𝑡𝑠 = 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑚𝑎𝑠𝑠𝑝𝑢𝑙𝑡 ∗ 𝐶𝐹𝑓𝑟𝑢𝑖𝑡  ∗
% 𝑝𝑢𝑙𝑝
100⁄ ∗
44
12
∗ (−1)   [eq. 43] 608 
The biomass of discarded fruits is calculated using eq. 21. 𝐶𝐹𝑓𝑟𝑢𝑖𝑡 is the carbon fraction in the 609 
fruits, a specific value (Table 1). The % 𝑝𝑢𝑙𝑝 is the percentage of pulp that is spread out, a 610 
model input.  611 
 612 
Composting residues from leaves, wood chips, discarded fruits and pulp 613 
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If the residues are composted within the farm, to be used either in the farm or in a different 614 
area, the model accounts for the GHGs. If the residues are removed for composting elsewhere, 615 
then they are considered GHG neutral. Although plant residues accumulate biomass, GHGs are 616 
emitted during composting. Those GHGs result from fuel used in combustion and from the 617 
degradation of the feedstock biomass (Boldrin et al., 2009; Brown et al. 2008). GHGs from the 618 
fuel from combustion and the degradation depend on the type of technology used in composting 619 
(Brown et al. 2008). The equation to estimate CO2 from composting is: 620 
𝐶𝑂2𝑒𝑞 𝑐𝑜𝑚𝑝𝑜𝑠𝑡 = 𝐶𝑂2𝑒𝑞  𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑐𝑜𝑚𝑝𝑜𝑠𝑡 + 𝐶𝑂2𝑒𝑞 𝐶𝑜𝑚𝑝𝑜𝑠𝑡𝑝𝑟𝑜𝑐𝑒𝑠𝑠 + 𝐶𝑂2𝑒𝑞 𝐶𝑜𝑚𝑝𝑜𝑠𝑡𝑒𝑛𝑒𝑟𝑔𝑦    621 
[eq. 44] 622 
The 𝐶𝑂2 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑐𝑜𝑚𝑝𝑜𝑠𝑡 can be calculated: 623 
𝐶𝑂2 𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑐𝑜𝑚𝑝𝑜𝑠𝑡 = (𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ 𝐶𝐹𝑟𝑒𝑠𝑖𝑑𝑢𝑒  ∗
44
12
∗ (1 −
%𝐶𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑
100
⁄ )   [eq. 45] 624 
Where %𝐶𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑  is the percentage of carbon that degrades during the process of 625 
decomposition. The model uses the values of %𝐶𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑 =60 for open systems and 626 
%𝐶𝑑𝑒𝑔𝑟𝑎𝑑𝑒𝑑=55 for enclosed systems (Boldrin et al., 2009). 627 
To estimate the 𝐶𝑂2𝑒𝑞 𝐶𝑜𝑚𝑝𝑜𝑠𝑡𝑝𝑟𝑜𝑐𝑒𝑠𝑠  , the model uses the mean value of the range of 628 
compost emission factors presented in Boldrin et al. (2009) and the values to calculate CO2eq 629 
from CH4 and N2O from eq. 1-3. The compost emissions factor vary between open and 630 
enclosed technology:  631 
𝐶𝑂2𝑒𝑞 (𝐶𝑂2)𝑜𝑝𝑒𝑛 = 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ (1 + 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒) ∗ 0.25   [eq. 46] 632 
𝐶𝑂2𝑒𝑞 (𝐶𝑂2)𝑒𝑛𝑐𝑙𝑜𝑠𝑒𝑑 = 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ (1 + 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒) ∗ 0.3   [eq. 47] 633 
𝐶𝑂2𝑒𝑞 (𝐶𝐻4)𝑜𝑝𝑒𝑛 = 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ (1 + 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒) ∗ 0.0035 ∗ 34   [eq. 48] 634 
𝐶𝑂2𝑒𝑞 (𝐶𝐻4)𝑒𝑛𝑐𝑙𝑜𝑠𝑒𝑑 = 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ (1 + 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒) ∗ 0.0009 ∗ 34   [eq. 49] 635 
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𝐶𝑂2𝑒𝑞 (𝑁2𝑂)𝑜𝑝𝑒𝑛 = 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ (1 + 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒) ∗ 0.001 ∗ 298   [eq. 50] 636 
𝐶𝑂2𝑒𝑞 (𝑁2𝑂)𝑒𝑛𝑐𝑙𝑜𝑠𝑒𝑑 = 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ (1 + 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒) ∗ 0.00659 ∗ 298   [eq. 51] 637 
Where 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒 is the fraction of water in the introduced residue. It was necessary to 638 
consider the water since the emission factors were based on feedstock wet weight. 639 
To estimate the 𝐶𝑂2𝑒𝑞 𝐶𝑜𝑚𝑝𝑜𝑠𝑡𝑒𝑛𝑒𝑟𝑔𝑦, the model used the diesel intake consumption factor 640 
presented in Boldrin et al., (2009), which is approximately 3 litres per kg of wet residue for 641 
both open and enclosed technology. The emission factor for combustion of diesel is 2.7 kg 642 
CO2eq/litre (Fruergaard et al. 2009). Therefore:  643 
𝐶𝑂2𝑒𝑞 𝐶𝑜𝑚𝑝𝑜𝑠𝑡𝑒𝑛𝑒𝑟𝑔𝑦  = 𝑏𝑖𝑜𝑚𝑎𝑠𝑠𝑟𝑒𝑠𝑖𝑑𝑢𝑒 ∗ (1 + 𝑊𝐶𝑟𝑒𝑠𝑖𝑑𝑢𝑒) ∗ 8.1   [eq. 52] 644 
 645 
Model parametrization 646 
The generic model needs empirical data for parametrization to be functional and applicable for 647 
different crops, different varieties, and different geographic regions. The required empirical 648 
data for parameterization are biomass quantity of the different plant parts at different age. The 649 
most accurate method to obtain plant biomass values is by destructive sampling (see Chave et 650 
al 2015), but if these are not available, local allometric equations to estimate biomass as a 651 
function of plant size can be used, for example the ratio of height to biomass in Miscanthus 652 
(Kalinina et al 2017). 653 
Empirical values of biomass of the different plant parts at different ages are then fitted to a 654 
power law equation. We used the nonlinear least-squares estimates for parameter estimation, 655 
using the R build in function “nls” (R code in Supplementary information S1). The generic 656 
model needs empirical data not only to work for most crops, but also to improve the current 657 
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estimates presented in Table 1 and 2, and to account for varietal and geographical differences. 658 
The data used for parametrize the crops is in Supplementary information S2. 659 
The power law is frequently used for biomass estimation of woody plants (Stephenson et al, 660 
2014). This function is asymptotic for small alpha values, as in the present case (Table 2). In 661 
addition, tree biomass in the model is highly related to the management practices which reduce 662 
biomass (i.e. pruning), and therefore unlimited growth. 663 
 664 
Case studies: Biomass and GHGs in four main crops: apple, coffee, 665 
Miscanthus, and sugarcane  666 
The perennial-GHG model presented in section 2 is used here to estimate GHGs in four 667 
perennial systems: apple, coffee, Miscanthus and sugarcane. We selected these crops to have a 668 
variety of temperate, tropical, food and bioenergy examples. In each case, we calculated GHGs 669 
in a standard 1 ha production area. We used the Myhre et al. (2013) GWP over a 100-year time 670 
horizon. We then used the Cool Farm Tool (Hillier et al. 2011) to calculate GHGs due to 671 
agrochemicals, fertilizers and energy consumed during crop management for those example 672 
using representative management practices. Our aim here is to illustrate the model application 673 
using typical management practices (Table 4), and also to examine the importance of the 674 
biomass pool in the context of total GHG emissions from crop production.  We used specified 675 
values at crop maturity. In every case, further transportation of the crop was excluded from this 676 
analysis, consistent with our farm gate boundary.  677 
<TABLE 4> 678 
<FIGURE 2> 679 
 680 
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The negative GHG emissions derived from the plant biomass exceed the positive GHG 681 
emissions from the supply of nutrients and agrochemicals, resulting in negative overall 682 
emissions (Fig 2). In coffee and sugarcane the total emissions are positive due to the litter and 683 
final cut burning. For the perennial grasses, sugarcane and Miscanthus, most of the negative 684 
GHGs are due to root biomass accumulation followed by litter left on the ground. The amount 685 
of litter is larger but it mainly decomposes in the following years (Schulze and Freibauer, 2005) 686 
while the root biomass persists for longer. In the top-fruit crops, apple and coffee, most of the 687 
negative GHGs are due to root biomass accumulation. Litter and residues left on the ground 688 
also contribute to sink carbon in the top-fruit crops, but to a lesser extent. Litter is less abundant 689 
and decomposes faster than for the bioenergy crops. For sugar cane especially, emissions are 690 
substantial during the crop lifecycle, mainly as a result of residue burning. If burning is avoided 691 
in sugarcane and coffee, these crops would have had large negative values, in spite of the fact 692 
that these crops require more nutrient supply than the others. This illustrates that alternative 693 
practices may significantly impact GHG emissions. A large source of negative GHGs could 694 
have been obtained from sugarcane, coffee and apple with different management. Nevertheless, 695 
in every case, the results show that leaving the roots and the removed leaves on the ground 696 
contributes to fixing atmospheric carbon, providing noticeable negative GHGs. Interestingly; 697 
the C input in the soil at the end of crop cycle was 8-10 tonnes for all crops. It is important to 698 
mention that the root and litter biomass input in the soil is not equivalent to the carbon sink in 699 
the soil. The quantity of carbon that stays in the soil depends not only on the input, put also on 700 
the former land use and soil properties (Dixon et al., 1996; Don et al., 2011). Evaluating such 701 
soil processes is beyond the scope of this study and it requires the use of process based models 702 
of soil biochemistry. 703 
<FIGURE 3 > 704 
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The annual contribution of each plant residue and fertilizer can be seen in Fig 3 for the case of 706 
apple and Miscanthus. In apple, plant biomass and residue carbon accumulation increase 707 
exponentially with time (Fig 3, left). Most of the negative GHGs are due to biomass 708 
accumulation in the woody part of the tree. But those potential negative emissions become 709 
neutral when the trees are removed. Chips and litter also contribute to the fixation of some 710 
atmospheric carbon, but a large proportion of their biomass may decompose in the future. 711 
However, GHGs from chips have a longer life and contain more carbon and stable compounds 712 
than litter, contributing to longer term carbon storage. That characteristic produces a carbon 713 
accumulation curve with a marked decreasing slope. The GHG emissions due to fertilizers 714 
applied every 2 years are fairly constant through the life of the crop. Our model estimates a 715 
total negative value of -360 MgCha-1, stored after 20 years, similar to the range value of -230 716 
to -475 MgCha-1 after 20 years measured by Wu et al. (2012). The root biomass and the aerial 717 
woody biomass measured in that study were 22.93 Mg ha-1 and 125 Mg ha-1, respectively, while 718 
the root and aerial woody biomass predicted in our model were 25.4 Mg ha-1 and 105 719 
respectively. 720 
In Miscanthus, the first year growth material left on the ground - including both the leaves and 721 
the stalk - is almost totally decomposed in 8 years (Fig 3, right). Plant residues left on the 722 
ground from other years also contribute to the carbon pool, but we expect that they decompose 723 
in about 8 years, as the residues of the first year did. Hence, they may not have a very long 724 
term impact in terms of carbon, but still they have a slight contribution to negative GHGs in 725 
the long term. This rapid biomass loss causes a decrease in the cumulative litter curve (Fig 3, 726 
right). The annual biomass litter production of 5-7.6 Mg ha-1 year-1 derived from our model is 727 
the same annual value of 5-7.5 Mg ha-1 measured form field in Robertson et al. (2016). The 728 
annual soil organic carbon inputs from the roots was 2.12 Mg ha-1 year-1, similar to the value 729 
of 2-3 Mg ha-1 year-1 showed in Dondini et al. (2009), Zatta et al. (2012), and Zimmerman et 730 
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al. (2013). Once again, our model provided similar values to those measured in the field, 731 
confirming the suitability of the model for both perennial bioenergy and food crops.  732 
 733 
 734 
Discussion 735 
Quantifying CO2 capture by plants and biomass accumulation and changes in soil carbon, are 736 
key in evaluating the impacts of perennial crops in life cycle assessment. We have presented 737 
the Perennial-GHG, a working model that can be used to assess the contribution of biomass to 738 
GHGs in perennial crops. It is applicable both to food and bioenergy crops, and we have already 739 
parameterised it for several crops (Tables 1, 2). We used the model to calculate GHGs in four 740 
perennial systems as an illustration. In every case, the carbon stored in plants due to biomass 741 
accumulation and derived plant residues more than offsets the contribution of agrochemicals 742 
and nutrients (Fig. 2). This finding is timely, and highlights the importance of taking into 743 
consideration crop biomass of perennial plants as contributors to climate change mitigation. 744 
This model will help to reduce the uncertainty that exists in quantifying the benefits of 745 
perennial crops. In addition, the model supports the FAO’s drive toward “perennialisation” or 746 
increase of perennial crops strategy (Rai et al., 2011), to help to mitigate climate change and 747 
increase food and ecosystem security (Glover et al., 2010). 748 
The Perennial-GHG is a theoretical model that needs empirical data to be parametrized. 749 
Henceforth, most of the uncertainty and errors are linked with the variability of the empirical 750 
data and not with the model definition itself. Therefore, model uncertainty and sensitivity 751 
cannot be quantified in this paper because it depends on the existing empirical data. Most of 752 
our data sources did not show standard deviation of the empirical measurements, either for the 753 
biomass or decomposition values. For that reason, uncertainly was not specified and accounted 754 
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for in this paper. Adding more empirical data and re-defining the parameters in a more precise 755 
way may improve the model and reduce uncertainty. Indeed, the Perennial-GHG model can be 756 
parametrized at farm level but this will require within-farm experiments and biomass 757 
measurements, which will incur additional costs. Additionally, it is important to bear in mind 758 
that GHGs from other overlooked sources, i.e. harvesting operations, machinery emissions, 759 
commodity transportation and storage or GHGs derived from plant reproduction, have been 760 
excluded in this analyses. To derive the total crop GHG balance, they should also be accounted 761 
for. As yield is not estimated in the model, for theoretical or research purposes crop-production 762 
models can be used to estimate yield, which can be then used as an input in the presented 763 
model. Examples of such models are the Miscanfor model for Miscanthus (Hastings et al. 2009) 764 
or the Yield-SAFE model for tree crops (van der Werf et al. 2007). 765 
 766 
The presented Perennial-GHG model could be improved in several ways in the future which 767 
we could not consider here due to the lack of empirical data. First, geographic or climate 768 
differences among and within crops have not been considered in the proposed model, despite 769 
acknowledgement that climate can affect both plant growth and residue decomposition (Basso 770 
et al., 2017). Regarding plant growth, we used published empirical data to parametrize the 771 
model from the current area of distribution of the considered crop (reproduced in 772 
Supplementary information S2). We aim to model crops inside their potential distribution area, 773 
and hence discard unlikely production scenarios. Disregarding the effect of climate on 774 
decomposition rate is a more important consideration. Nonetheless, for wood decomposition, 775 
the effect of climate is a secondary factor (Bradford et al., 2014), and litter has a short 776 
decomposition period regardless of location (Schulze and Freibauer, 2005). In any case, the 777 
Perennial-GHG model allows different regional decomposition parameters, although we did 778 
not explore those in this study. In a similar way, the Perennial-GHG model has a combustion 779 
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parameter for woody residues (eq. 31 to 33) and the IPCC model for combustion parameters 780 
for agricultural residues (eq. 36 to 38), which is used for litter and bioenergy crop burning. 781 
Those parameters could be refined in the future, if more empirical data is acquired. Similarly, 782 
GHG emissions from composting can be refined in the future as the model considers only main 783 
basic technologies (Boldrin et al., 2009). The effect of lack or excess of fertilizer and water 784 
was included as a parameter in the IBM model but it was not parameterized due to the lack of 785 
robust empirical data (see section 2.1.1 for more details). Different mortality ratios among 786 
climates are already considered in the model: in the IBM mortality is a model input; in the 787 
ABM mortality is a directly reflected in the yield, a model input. Seasonal variations in terms 788 
of plant growth and residue production also exist. However, it was not necessary to include 789 
them in the IBM model since the model evaluates annual and not seasonal biomass, residues 790 
and GHGs. For the AMB, the biomass ratios change among seasons (Amougou et al., 2012). 791 
This is currently considered by requiring as input the harvest period in the model (Table 2). 792 
Besides, no varietal differences within crops have yet been considered. We pooled the data of 793 
different varieties for each crop, due to the lack of robust data of different varieties. Once again, 794 
the present model allows future inclusion of different parameters for different varieties. Once 795 
robust data exist, that information can and should be incorporated into the model. 796 
 797 
The Perennial-GHG presented in this paper estimates the plant carbon output during the crop 798 
cycle, since the plant is established in the ground until it is harvested, and not beyond. It is 799 
important to bear in mind that the model does not estimate the persistence of carbon after it 800 
leaves the farm gate (see details in the model definition section). At the final harvest, some 801 
litter and roots are still in the ground in organic forms and over time will decompose, releasing 802 
a fraction of the stored C. Litter and fine roots have, in general, a short life span, thus the C 803 
released will occur in the following years. On the other hand, woody roots are quite stable and 804 
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will decompose slowly (Guo et al., 2006; Withington et al., 2006). The carbon finally stored 805 
will depend on the soil and environmental conditions (Dondini et al., 2009) and subsequent 806 
land use.  The stability of the carbon in the system is highly dependent on the existing carbon 807 
in the system, and on the land use after the perennial cultivation. The capacity to store carbon, 808 
and it’s persistence in the soil, depends on the soil C concentration before the plantation, and 809 
on the climate (Powlson et al., 2013).  The model also calculates the nitrogen accumulated in 810 
the different organs in the plant. This is not required for estimating GHGs, but it gives 811 
information about the nitrogen cycle that may be useful for other purposes, such as in studies 812 
of nutrient balance. A soil organic carbon model is currently being implemented alongside this 813 
biomass model. Both together are required to estimate GHGs and carbon balance from 814 
perennial crops. These models will be incorporated in to the Cool Farm Tool (Hillier et al., 815 
2011).  816 
 817 
 818 
 819 
Data and software availability: The R code for the main model including all the 820 
modules is provided in S1 and the figshare archive doi <to be added>. The database of 821 
empirical values used to parametrize the model is provided in S2 and figshare archive doi <to 822 
be added>. The required model inputs to run the Perennial-GHG model are provided in S3. 823 
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TABLES 997 
 998 
Table 1: Crop specific parameters for the individual based model (IBM), eq 11 to eq. 21. The carbon (C) and nitrogen (N) values are at harvesting 999 
time. Those tables will be interactive and updated in the future if more data are available. New versions will have new doi. The references of the 1000 
source data are in S2.  1001 
 1002 
Crop 1 
AGB 
1 
AGB 
2 
AGBwoody 
2 
AGBwoody 
3 
BGB 
3 
BGB 
4 
Leaves 
4 
Leaves 
Wood dry 
biomass 
C 
wood 
N 
wood 
C leaf N leaf Fruit 
dry 
biomass 
Pulp/seed 
 
C 
fruit 
N fruit 
Apple 0.683 1.760 0.267 2.025 0.460 1.345 0.699 0.417 0.8 0.47 0.015 0.47 0.25 0.14 -- 0.47 0.0038 
Citrus 0.395 2.120 0.125 2.376 0.040 2.525 1.297 0.535 0.82 0.47 0.015 0.47 0.02 0.1 -- 0.47 0.0095 
Cocoa 1.250 1.344 1.135 1.307 0.589 1.113 0.165 1.073 0.8 0.47 0.020 0.47 -- -- -- -- -- 
Coffee 3.999 0.568 3.334 0.703 0.228 1.589 0.223 0.940 0.8 0.47 0.400 0.47 0.47 0.15 0.4 0.47 1.6 
Tea  1.526 0.557 1.215 0.599 0.213 0.580 0.592 0.135 0.8 0.47 0.0041 0.69 0.03 -- 0 0.69 0.028 
Willow -- -- 0.158 1.611 0.158 1.611 -- -- 0.8 0.49 0.275 0.5 0.015 -- -- -- -- 
Poplar 3.389 1.605 7.223 1.257 0.781 0.745 2.426 -0.182 0.8 0.49 
 
0.238 0.5 0.317 -- -- -- -- 
 1003 
 1004 
 1005 
 1006 
 1007 
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 1008 
 1009 
 1010 
Table 2: Crop specific parameters for the area based model (ABM), eq 22 to eq. 28. The carbon (C) and nitrogen (N) values are at harvesting time 1011 
(maturity). Those tables will be interactive and updated in the future if more data are available. New versions will have new doi. The references 1012 
of the source data are in S2.  1013 
 1014 
Crop Stalk:AGB AGB:roots BGB:AGB 
Stalk water 
content 
Root 
senescence 
ratio 
C stalk N stalk C leaf N leaf C root N root 
Miscanthus 0.8 0.85 0.73 0.5 0.17 0.5 0.0016 0.457 0.0045 0.41 0.015 
Sugarcane 0.826  0.32 0.71 0.17 0.443 0.012 0.4525 0.014 0.405 0.00395 
Switchgrass 1 0.8 0.62 0.2 -- 0.44 0.003 0.462 0.01 0.44 0.03 
 1015 
 1016 
 1017 
 1018 
 1019 
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Table 3: list of variables used in the Perennial-GHG model 1020 
 1021 
VARIABLE MEANING UNITS 
𝐶𝑂2𝑒𝑞 CO2 equivalent kg 
Biomass Plant biomass, dry weight kg 
𝐴𝐺𝐵 Above ground biomass, dry weight kg 
𝐵𝐺𝐵 Below ground biomass, dry weight kg 
𝐹𝑖𝑒𝑙𝑑 𝐶𝑂2𝑒𝑞 CO2 equivalent emissions in the farm kg 
𝑁 Number of trees in a plantation or orchard -- 
S Number of species in the cultivated area -- 
Ns Number of trees per ha of each species S -- 
𝐼𝑛𝑑 𝐶𝑂2𝑒𝑞 Individual (per plant) values of biomass -- 
𝑌𝑒𝑎𝑟𝑠 Number of years of the crop cycle = last year of the crop cycle -- 
year Each single year of the crop cycle -- 
SPrun The year in which pruning starts. -- 
age Age of the plant above ground part year 
ageroot Plant root age, year 
AGBW AGB of the woody parts kg 
𝑎𝑐𝑡𝐴𝐺𝐵𝑊𝑦𝑒𝑎𝑟 AGB of the woody parts after pruning kg 
1 , 1 , 2 , 2, 3 , 3 Specific parameters for the IBM -- 
𝑅𝑤𝐴𝐺𝐵 Parameter to account for water and nutrient limitation -- 
𝑅𝑓𝐴𝐺𝐵 Parameter to account for nutrient limitation -- 
l Average lifespan of the leaves year 
SProd The year in which production starts -- 
rsen Root senescence ratio -- 
𝐶𝐹𝑜𝑟𝑔𝑎𝑛 Carbon fraction in the organ one unit 
mass Remaining mass in the decomposition model kg 
k Decay constant in the decomposition model -- 
t Time in the decomposition model year 
 1022 
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Table 4: Farm and crop parameters used in the case examples. 1023 
 1024 
Crop 
Production 
tonnes per 
ha* 
 
Lifespan 
years 
N trees 
per ha 
Residue Management* Fertilizers kg per ha* Agrochemicals 
Energy 
consumed 
annually 
First years 
discarded 
Litter Pruning 
Discarded 
fruits 
Fruit pulp 
Trees 
end cycle 
Nitrogen Potassium Phosphorus Pesticides Herbicides 
Apple 200 wet 20 800 -- 
100% left on 
the ground 
chipped, 
20% left on 
the ground 
and 80% 
removed 
left on the 
ground 
-- 
cut and 
removed 
67 annually 
70 
every two 
years 
90 
every two 
years 
Annually 
applied 
-- 2000 MJ 
Coffee 2.5 wet 20 1500 -- 
100% left on 
the ground 
chipped, 
20% left on 
the ground 
and 80% 
removed 
20% left on 
the ground 
and 80% 
composted. 
Compost 
taken away 
100% 
composted. 
Compost 
taken away 
cut and 
burnt 
300 
annually 
50 annually 
25 
annually 
Annually 
applied 
-- 1000 MJ 
Miscanthus 
25-40 (20% 
hum) 
15 -- 
100% left 
on the 
ground  
100% left on 
the ground 
-- -- -- -- -- -- -- -- 
Applied 
Year 1 
1050 MJ 
Sugarcane 
70-120 
 
6 -- 
100% left 
on the 
ground  
80% burnt 
and 20% left 
on the 
ground 
-- -- -- -- 
70 
annually 
60 annually 
90 
annually 
Annually 
applied 
Applied 
Year 1 
1500 MJ 
 1025 
*production, residues and fertilizers vary among years. The values presented in this table are values are at crop maturity.  1026 
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FIGURE CAPTIONS 1027 
 1028 
Figure 1: Model structure diagram. The emissions in plane black are positive emissions, GHGs 1029 
released to the atmosphere. Emissions in grey are neutral emissions, the uptaken CO2 equals 1030 
the released CO2. Emissions in bolt are negative emissions, atmospheric carbon fixed in the 1031 
system.  1032 
 1033 
Figure 2: CO2eq emission in Mg at the end of the crop cycle per plant organ, residue and 1034 
agrochemical for (a) an apple orchard, (b) a coffee plantation, (c) a Miscanthus field and (d) a 1035 
sugarcane field. Details of farm management are detailed in Table 4. 1036 
 1037 
Figure 3: Annual CO2eq emissions in Mg at the end of the crop cycle per plant organ, residue 1038 
and agrochemical in an apple orchard with a life period of 20 years. Details of farm 1039 
management are detailed in Table 4. 1040 
 1041 
 1042 
 1043 
 1044 
 1045 
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